imperative to monitor and assess KRD conditions for the sustainable development of this region.
48
There are various methods available to map KRD. Previous research has largely depended on 49 the field survey of the cover of vegetation and rocky outcrops, slope and soil distribution to map and 50 qualitatively estimate the extent of KRD. These methods are time consuming, expensive and limited 51 by ruggedness and the logistics of undertaking large spatial-scale research [8] . Fractional ground 52 cover metrics extracted from remotely sensed images have been widely applied to describe land 53 degradation and human disturbance [9] . When KRD occurs, the most obvious land-surface 54 symptoms are low vegetation cover and bedrock exposure. Therefore, the fractional cover of 55 vegetation and exposed rocks are the most useful measures of land-surface changes indicating KRD.
56
Satellite images were being used to map KRD and its historical changes beginning in late 1990s 57 [10, 11] . Commonly used moderate resolution images included Landsat Multispectral Scanner (MSS)
58
[12], Landsat Thematic Mapper (TM) [13, 14] and Advanced Space-borne Thermal Emission and
59
Reflection Radiometer (ASTER) [15, 16] . These optical satellite images have resolutions between 15 60 and 30 meters and are useful for extracting land cover and change conditions at regional levels.
61
However, large variation in karst landforms (e.g. poljes, valleys, cockpits, towers, and sinkholes) and 
65
forest within a KRD region [12] . Consequently, it is challenging to identify a pure, rocky spectrum on 66 a relatively fine-scale (e.g. SPOT 10×10 m) using remotely sensed data [16] . Therefore, the high degree 67 of heterogeneity in karst landscapes results in single satellite image pixels including more than a 68 single land object.
69
One potential solution is to attempt to estimate the proportion of land cover at the sub-pixel 70 scale for heterogeneous landscapes [17] . A DPM is commonly used to calculate fractional vegetation 71 cover (FVC) at sub-pixel scales [18] . This method has already been applied in the karst region for
72
KRD monitoring [19, 20] . Another widely used method is spectral mixture analysis (SMA) [21] . This 73 approach supposes that reflectance for one pixel is a linear mixture of several endmembers and that 74 each endmember is a unique land cover type with a specific feature. The aim of SMA is to decompose 75 mixed spectra and calculate proportions of each land cover type in a single pixel. The spectral 76 unmixing model has been widely applied to plant species identification [22, 23] , fire severity [24, 25] 77 and urban remote sensing [26, 27] with some success. However, there have been few SMA-related 78 studies in the karst region of southwest China.
79
A critical step for SMA is endmember selection. Unlike the impervious surfaces found in urban 80 areas, bare rocks often intermingle with vegetation and soil. In this region, the degree of rock 81 exposure has changed due to variation in natural conditions and human disturbance [28] .
82
Furthermore, as high albedo endmembers, rocks, cement road surfaces, building roofs and limestone 83 soils can cause spectral confusion in an image because they have similarly high reflectance. All these 84 directly affect the endmember selection in KRD. In rural karst regions, roads and building roofs are 85 between 4 and 10 meters wide. High spatial resolution imagery (e.g., SPOT-5 and ALOS imagery)
86
likely provides more information to separate roads and roofs from KRD in this region. Compared 87 with medium resolution images that are commonly used in the karst region, high resolution imagery 88 could provide greater detail and capture more spatial variation that would be helpful to explore the 89 mechanisms of KRD dynamics and endmember selection. Thus, high spatial resolution imagery is 90 promising for fine-scale karst land applications.
91
In addition to high lateral heterogeneity, the relative high elevation contrast in the karst region 92 causes significant shadow effects in remote images. 
99
Our study attempted to take advantage of high resolution optical multispectral ALOS images to 100 extract fractional cover of rocky outcrops at a sub-pixel level in the karst region of southwest China.
101
We applied and compared the efficacy of DPM and two SMAs methods through 1) accuracy 
172
endmembers should be independent, (2) the number of endmembers should be less than or equal to 173 the number of spectral bands used, and (3) selected spectral bands should not be highly correlated.
174
Theoretically, therefore, there were a maximum of three endmembers (land cover types) in four-band
175
ALOS data. A common approach for obtaining fk is to use a least-squares estimation process by 176 minimizing the residual error with the sum of fk of all optical endmembers equal to one. The spectral 177 mixture analysis consists of three primary steps: 1) selection of candidate endmembers to build a 178 spectral library, 2) optimal endmember selection, and 3) decomposing the mixed pixels to extract 179 fractional images.
181

Spectral Library Building 182
We applied the vegetation-high albedo-shadow model that was found to be most suitable for 
195
Optimal Endmember Selection 196
Determining high quality image endmembers has been identified as a critical stage of spectral 
(4) 203
Where and denote the endmember vectors of OA and OB, respectively.
204
For the MESMA method, we used an average RMSE (root mean squared error) (EAR) approach
205
to select the most appropriate endmembers. The endmembers are selected by producing the lowest
206
RMSE within a class [31] . EAR was calculated according to Eq. (4) using:
(5) 208
where i is an endmember, j is the modeled spectrum, N is the number of endmembers, and n is 
213
Fraction Extraction 214
Fractional maps of endmember land cover components were generated by optimal endmember 215 models using least-squares solutions. To reduce shadow effects, we performed shade normalization 
220
Accuracy Assessment 221
Accuracy assessments for rocky outcrop coverage were conducted using error matrices. A
222
Kappa coefficient was used to measure the accuracy of the predicted rocky outcrop coverage [41] .
223
Overall accuracy (OA) for each class was also calculated. The percentage of rocky outcrop was 224 classified into one of five categories (0-10%, 10%-30%, 30%-50%, 50%-70% and 70%-100%, which 
231
Most validation sites for accuracy assessments were determined by visual estimates of rocky outcrop 232 cover from a distance during field visits. Pan-sharpened multispectral ALOS (2.5 m) images were 233 used as auxiliary data to identify land features for some sites where the rocky cover is hard to estimate.
234
Images from Google Earth were also used to identify features in shaded areas for validation. Finally, 235 a total of 539 validation points (159 of which were shaded) were collected to verify the accuracy of 236 the fractional cover estimates from the SESMA, MESMA and DPM with ALOS data.
238
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KRD Mapping 239
Based on accuracy assessment results, an estimate of severity levels (non-KRD, potential, light, 240 moderate and severe KRD) was achieved by classifying the optimal fractional cover of rocky outcrops 241 using a decision tree classifier. Rules for the decision tree were established by expert knowledge and 
270
Accuracy Assessment 271
283
Error matrixes for sunlit areas were used to explore estimate error in the percentage of rocky 284 outcrops. In sunlit areas, MESMA successfully predicted the cover of bedrock outcrops in each level.
285
Producer's accuracies (PA) were between 0.79 and 0.93. SESMA achieved a higher accuracy in the 286 areas with lower bedrock outcrop cover between 10% and 50%. However, accuracies were lower 287 when cover was large than 50% (the producer's accuracies were less than 0.19). Many areas with high 
291
10% and 70%, the producer's accuracies were less than 60%, mainly because of the underestimation 292 of the coverage of bedrock outcrops.
293
The accuracy of percentage of rocky outcrops was lower in the shaded areas than in sunlit areas.
294
Using MESMA, the highest producer's accuracy was 1.00 and the lowest was 0.34. A confusion matrix
295
showed that the rocky outcrop cover was slightly overestimated for each cover class. Although the 296 results from SESMA reached high producer's accuracies in areas where the rocky outcrop cover was 297 between 10% and 50%, the predicted coverage was underestimated in totally shaded areas.
298
Alternatively, DPM clearly overestimated rocky outcrop cover in shaded areas suggesting that it is 299 greatly affected by shadow. 
301
Rocky Outcrop Cover
322
The standard error (SE) of predicted cover was distributed between 1% and 20% (Figure 3) . The
323
SE from MESMA and SESMA had similar trends in each class of predicted cover. They had low SE 324 values (5%-12%) in the most rock covered areas except for areas with the highest rocky cover. Low 325 values indicated that the predicted cover of rocky outcrop is more accurate. In total, the SE in the 326 sunlit areas was lower than that in shaded areas when we used these two methods. Consequently,
327
predicted percentage was more accurate in the sunlit areas than in shaded areas. DPM had higher SE 328 values compared with these two SMA methods suggesting that the value of predicted cover was 329 distributed discretely compared with reference data. 
331
370
383
The high heterogeneity of the karst landscape posed a within-pixel mixing problem for remote 
395
Using SESMA, we selected one optimal endmember for three land cover types from a vertex of 396 spectral scatter plots [27] . This approach only allowed one spectrum as a pure pixel for each 397 endmember. In our study, the spectra of rocky outcrops from SESMA had higher reflectance 
408
This didn't match the observation that the study area is a typical KRD area where the major KRD 
417
KRD, adding to image variability [11, 16] . This diversity of factors has resulted in some differences in 418 the exposed state of the bedrock. The results of accuracy assessment showed that much of rocky 419 outcrop cover could be accurately predicted. Therefore, multiple endmembers are more reliable than 420 single endmembers to detect and monitor karst exposed rock.
421
A possible shortcoming in our optimal endmember selection is the number of endmembers.
422
Although our study masked built-up areas and water, and selected remotely sensed images in the 423 crop-growing season so that bare soil was covered by crops, images still had bare soil. KRD is, by 424 definition, the landscape of exposed bedrock after the soil is lost [5] . Rocky outcrops appear as ragged 425 on the images and are accompanied by countless rock fissures after weathering and soil erosion.
426
There is often some soil, deciduous plants or bryophytes in those rock cracks [16] . Because of the 
436
Topographic Effects 437
In karst regions, rugged terrain is stimulated by the strong development of carbonate rock. Steep 
463
Conclusions 464
Aimed at overcoming obstacles to monitoring heterogeneous, rugged terrain in rocky deserts 465 using remote sensing, our study applied high spatial resolution ALOS images and compared DPM,
466
SESMA and MESMA to extract key indicators of KRD at sub-pixel scale. The best accuracy assessment 467 results were acquired using MESMA with overall accuracy in the sunlit and shaded areas of 83.7% 468 and 60.4%, respectively. The SESMA approach achieved lower accuracy because it underestimated 469 1% to 257% of the fractional cover of rocky outcrops. However, the mean coverage of the same objects 
